Testing Multivariate Alteration Detection for Tropical Deforestation using Synthetic Aperture Radar (SAR) and Drone Imagery in Mamomi Valley, Panama by Bohman, Abigail
University of Redlands 
InSPIRe @ Redlands 
MS GIS Program Major Individual Projects Theses, Dissertations, and Honors Projects 
8-2019 
Testing Multivariate Alteration Detection for Tropical 
Deforestation using Synthetic Aperture Radar (SAR) and Drone 
Imagery in Mamomi Valley, Panama 
Abigail Bohman 
Follow this and additional works at: https://inspire.redlands.edu/gis_gradproj 
 Part of the Geographic Information Sciences Commons 
Recommended Citation 
Bohman, A. (2019). Testing Multivariate Alteration Detection for Tropical Deforestation using Synthetic 
Aperture Radar (SAR) and Drone Imagery in Mamomi Valley, Panama (Master's thesis, University of 
Redlands). Retrieved from https://inspire.redlands.edu/gis_gradproj/280 
This work is licensed under a Creative Commons Attribution 4.0 License. 
This material may be protected by copyright law (Title 17 U.S. Code). 
This Thesis is brought to you for free and open access by the Theses, Dissertations, and Honors Projects at 
InSPIRe @ Redlands. It has been accepted for inclusion in MS GIS Program Major Individual Projects by an 
authorized administrator of InSPIRe @ Redlands. For more information, please contact inspire@redlands.edu. 
 University of Redlands 
Testing Multivariate Alteration Detection for Tropical Deforestation 
using Synthetic Aperture Radar (SAR) and Drone Imagery in Mamoní 
Valley, Panama 
A Major Individual Project submitted in partial satisfaction of the requirements 
for the degree of Master of Science in Geographic Information Systems 
by 
Abigail Bohman 
Ruijin Ma, Ph.D., Committee Chair 
Mark Kumler, Ph.D. 
August 2019 
 Testing Multivariate Alteration Detection for Tropical Deforestation using Synthetic 
Aperture Radar (SAR) and UAV Imagery in Mamoní Valley, Panama 
Copyright © 2019 
by 
Abigail Bohman

 v 
Acknowledgements 
This was a challenging year in which I learned a lot about myself in addition to the 
topics that I explored for this project. Support from many people helped to push and carry 
me throughout the journey. First, I must express deep gratitude for my advisor, Ruijin 
Ma, who was understanding and incredibly helpful throughout the process of my 
learning.  
I must also thank my fellow members of Cohort 34 – I could not have done this year 
without you all! I am so grateful that we have gone through this all together, starting as 
complete strangers and ending as priceless friends. Another source of support and 
friendship came from Andrea Alvarado. Thank you, Andrea, for the conversation, advice, 
and endless amounts of work you do for this program. We appreciate you! 
I also want to thank the Center for Spatial Studies faculty: Nate Strout, Dave Smith, 
and Steve Moore, as well as the Environmental Studies professor and project client: Dan 
Klooster. All of you have been my teachers and now I consider you friends. Thank you 
for your support ever since sophomore year of undergrad and continuing to be there 
during my graduate degree. I couldn’t have done this without you, and I will miss you 
very much. 
To my parents, Barb Maynes and Jeff Bohman, and my grandparents Betty and Alan 
Maynes: thank you for always being my foundation of support and inspiring me and 
encouraging me to make the world a better place, even when challenges arise. 
Additionally, I must thank my older sister Meg Bohman Houbrick and my new brother-
in-law, Brady Houbrick. Thank you for believing in me and being my biggest 
cheerleaders. You have supported me like only older siblings could. 
Finally, I want to thank Hamish Henderson. Thank you for standing with me through 
all highs and lows, offering support, comfort, motivation, and irreplaceable advice. 
 
 vii 
Abstract 
Testing Multivariate Alteration Detection for Tropical Deforestation using Synthetic 
Aperture Radar (SAR) and Drone Imagery in Mamoní Valley, Panama 
by 
Abigail Bohman 
Monitoring tropical deforestation poses a juxtaposition of urgency and difficulty. 
Because of nearly constant cloud cover in the tropics, heavily studied and widely 
implemented methods using multispectral satellite imagery to do large-scale land 
monitoring are not possible. Being an active sensing system that can penetrate through 
clouds, Synthetic Aperture Radar (SAR) solves this issue, making it one of the best 
opportunities for tropical forest change in the tropics.  
In Mamoní Valley, Panama, Multivariate Alteration Detection (MAD) analysis 
was used with SAR Ground Range Detected imagery from the European Space Agency’s 
(ESA) Sentinel 1 satellite to test its viability for detecting forest changes. Multispectral 
Unmanned Aerial Vehicle (UAV) imagery was used and tested for its viability to provide 
validation of the change detection analysis. Results of the methodology showed 
correlation between the SAR MAD results and various land cover types observed in the 
UAV imagery, though distinct multitemporal changes resulting from the analyses did not 
appear to correlate with changes shown in the UAV imagery. A comparison with 
Principal Component Analysis showed similar results, leading to the conclusion that the 
MAD method implemented was sound, but GRD SAR data may not be most suitable for 
this method. The results of the analyses can be used to focus future UAV mapping sites 
which may further develop the accuracy and implementation of SAR for tropical change 
detection. 
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Chapter 1  – Introduction 
Think globally; act locally. This is a statement often shared to attest the need for 
autonomic and small-scale effort to deal with the causes and effects of climate change. In 
many countries, where impacts are disproportionate to the contribution of climate change, 
resources that would aid in this autonomic handling of climate issues are scarce. In the 
following sections, research will show how a tool is needed for viable and rapid 
monitoring of deforestation in tropical rainforests. The impacts of this land use practice 
go beyond the boundaries of the rainforest, and the stewards of the land are often small, 
indigenous populations. Geographic Information System (GIS) tools are the cutting-edge 
resources that would allow impactful autonomous stewardship and conservation. This 
project’s purpose was to create a specialized tool and intuitive methodology that could be 
used by audiences with varying familiarity with GIS and spatial analyses. 
1.1 Client 
Claus Kjaerby is the Chief Operating Officer (COO) of the environmental conservation 
and leadership nonprofit organization, Geoversity. His background specializes in 
international indigenous and human rights, sustainable development and natural resource 
management. As stated by the organization, “Geoversity is an ecosystem of leaders and 
organizations collaborating in the pursuit of breakthroughs in human design, enterprise, 
and creative expression, inspired by Nature” (Geoversity, 2019). This ecosystem of 
founding entities includes the Center for Spatial Studies at the University of Redlands as 
well as other partners in forestry, agroeconomics and education around the world. As 
COO, Kjaerby had the goal to understand past and present trends of land cover change in 
the organization’s main conservation area: Mamoní Valley Preserve (MVP) in Central 
Panama, shown in Figure 1-1. 
 Daniel Klooster, Ph.D., is a Professor of Environmental Science at the University 
of Redlands, also with a background in Latin American culture and environmental issues. 
Klooster began the now ongoing relationship between the University and Geoversity. He 
has led annual undergraduate environmental GIS expeditions to MVP since 2017, and 
now has a vision to continue building on the undergraduate research, collaboration and 
program thereof. 
Together, Kjaerby and Klooster have acted as the clients for this project. While 
Kjaerby resides in Panama, Klooster has been the immediate point of contact. 
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Figure 1-1: Location of Mamoní Valley. 
1.2 Problem Statement 
Tropical rainforests are one of the most biodiverse ecosystems on the planet and are 
being destroyed at unmonitored rates at many regional levels, as seen in Figure 1-2. MVP 
and Geoversity needed an easy-to-use tool that would allow non-GIS professionals to 
conduct forest change detection. 
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Figure 1-2: Pasturelands in Mamoní Valley with a backdrop of primary rainforest. 
MVP was established to work against deforestation. The land was bought in the early 
2000’s to protect ancient rainforest areas and restore previously burned and developed 
areas within the Mamoní Valley Watershed. Years later, MVP management and 
stakeholders wanted to know what, if any, change had occurred to the land under their 
financial and physical efforts. However, being a small organization without designated 
personnel, monitoring forest dynamics had been an obstacle. The organization was not 
equipped with the resources and background to perform extensive statistical geographic 
analyses of forest change between dates. A simple methodology was needed so that it 
could be implemented by conservation area staff and neighboring communities facing 
similar difficulties. 
1.3 Proposed Solution 
Due to the rapid temporal change that is a characteristic of the humid tropics, 
conservation efforts require methods for rapid, repeatable land cover change analysis. 
Synthetic Aperture Radar (SAR) imagery was proposed as the primary data source due to 
its ability to penetrate through clouds and moisture which is often present in the tropics.  
The European Space Agency’s (ESA) Sentinel SAR data from the Copernicus Earth 
Observation Satellite Programme was used as input for a change detection image analysis 
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in Esri’s ArcGIS Pro interface. A workflow was created to guide preprocessing and 
automate analysis and post-processing of two images from separate dates being inspected 
to detect landcover change. Multispectral imagery collected using Unmanned Aerial 
Vehicles (UAV), also at times referred to as drones, at the same time over three years 
could be used as ground-truth data and to inform threshold values placed on the analysis 
results. 
Finally, a written tutorial could guide non-GIS professionals in using the workflow 
and understanding the information it yields. 
1.3.1 Goals and Objectives 
The goal of this project was to help MVP monitor deforestation in its conservation area 
by creating and testing a methodology specific to the study area. The objectives were to 
modify and test a previously used statistical procedure to analyze change by creating a 
user-friendly interface and using ground-truth data to calibrate and validate the results of 
the analysis specifically to the study area. 
These objectives were such so that the goal of continuous monitoring of the area 
could take place by preserve managers, students and researchers through using the 
methodology that is clear and informative about how and why it works. 
Additionally, preserve managers and stakeholders are informed as they go 
forward in conservation efforts. Creating a methodology will provide a long-lasting way 
of monitoring the phenomena of deforestation and will continue to inform managers and 
policy makers in conservation as it provides a robust display of the urgency of finding 
sustainable land use practices. Together, these outcomes inform an argument and 
narrative that will be shared with communities and other stakeholders to bring awareness 
of the issues surrounding deforestation, climate change and sustainable development and 
agriculture. 
1.3.2 Scope 
The outputs of this project included static digital and paper landcover change maps, a 
Geodatabase and an automated workflow for interpretation of SAR data with integration 
of field observation. In order to complete these, a deep understanding of SAR sensors and 
SAR data needed to be acquired before moving forward to create an appropriate 
analytical workflow, as well as an accurate guide to use the workflow. 
These outputs addressed all objectives of doing analysis: creating a methodology for 
long-term use and showing results in a clear way to non-scientific audiences. The 
resources required for these projects included the Esri software ArcGIS Pro and ArcGIS 
Online included in the enterprise account provided by the University of Redlands. The 
Python Wing Integrated Development Environment (IDE) Shell was used for writing 
source code for the main analysis tool, and a DJI Phantom 4 UAV along with a Garmin 
Global Positioning System (GPS) unit was used in the field to identify locations of 
various land cover types. In addition, the SentiNel Application Platform (SNAP) 
provided by the ESA Copernicus Program was used because it contains the specialized 
tools necessary for SAR data processing. 
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Another aspect of the total scope was the educational portion of the project. This 
included full documentation of the workflow to be repeated in the future and initial 
trainings with project deployment. 
1.3.3 Methods 
In order to quantify change in the Mamoní Valley and display the results using a 
repeatable method, two images from different times were compared through a statistical 
image analysis.  
SAR data was obtained from the ESA Copernicus Open Access Hub. Specifications 
such as orbit cycle and mode were given to ensure the compared images were compatible 
for analysis.  
The two images from different dates were then preprocessed in SNAP with radar 
processing tools including geometric terrain correction and speckle filtering. This 
produced a single image with four bands which was then used as the input into an image 
processing script that was implemented in ArcGIS Pro as a script tool.  
The analysis used is a statistical method called Multivariate Alteration Detection 
(MAD). MAD is a process which is based on canonical correlation analysis. Canonical 
correlation analysis finds the relationship between two groups of related variables, 
essentially finding the covariance within and between a set of variables. A linear 
combination of each group is produced, called a bivariate correlation or first canonical 
variates (Nielsen et al., 1998). This is the linear relationship of the variables within each 
group, and the correlation between the two separate linear relationships. Where canonical 
correlation is advantageous is in image processing events where there may be different 
sensors used to collect data, which means sets of data are not the same, such as using 
imagery from Landsat 8 and imagery from Sentinel 2. These sensors do not have uniform 
bands, however canonical correlation could be used because each set of data is 
individually represented by a linear combination, which is then correlated and ordered 
with linear combinations representing the second set of data.  
Additionally, canonical correlation is advantageous when attempting to detect 
change. After the linear combinations from the two sets of data are created, they are 
placed into correlated pairs and ordered from most correlated to least correlated. During 
the MAD transformation step, the pairs of correlated linear combinations are subtracted, 
yielding an image showing maximum difference. Because corresponding pairs of 
canonical linear combinations are ordered by the similarity of each side of the pair, it is 
natural to base a change detection methodology on the differences between these pairs 
(Nielsen et al., 1998). This analysis yielded a raster that displayed pixel values indicating 
the magnitude of change between the two dates. More explanation about this approach is 
given in Section 2.3.1. 
Spectral imagery was collected using UAVs, which served as ground-truthing data 
and informed proper thresholding values for the MAD result. By doing this, context was 
applied to the pixel values and the result could be classified to show land cover change. 
Finally, the workflows were documented and given to the client for continued autonomic 
use. 
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1.4 Audience 
The intended audience for this report includes GIS professionals and academics who are 
interested in learning about various applications of SAR imagery to GIS and remote 
sensing. The audience may also include individuals who are seeking an understanding of 
GIS and deforestation and how remote sensing can be used in the process. Finally, 
conservation area and other non-profit managers may use this project as a reference or 
material for generating ideas for potential practices that could enhance their programs. 
1.5 Overview of the Rest of this Report 
This report is divided into seven chapters. The second chapter provides contextual 
information of remote sensing, GIS, SAR data, and change detection. Chapter 3 discusses 
the project plan and system design including requirements and risk analysis. Chapter 4 
goes over the database design of the project. Chapter 5 describes the implementation 
stage of the project. Chapter 6 includes a discussion of the results from project 
implementation and analysis. Finally, Chapter 7 reviews the entire project with a 
conclusion section and suggestions for additional work.  
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Chapter 2  – Background and Literature Review 
This chapter will provide background information and a review of pertinent literature in a 
series of topics that are embedded within this project. To provide a customized 
deforestation detection tool using Synthetic Aperture Radar (SAR) and to ensure 
accuracy and value, several topics need to be explored before project concept and design. 
The nature of SAR sensing is different from that of multispectral sensing, which has been 
used and documented much more frequently than the use of SAR in forest change 
detection. Because of this, the concepts and methods for SAR image analysis are 
explored. Additionally, the characteristics of forest and land cover change in the tropics 
need to be understood, so that a statistical change analysis can be given meaning through 
informed classification and thresholding.  
2.1 Tropical Deforestation Monitoring in Panama 
Beginning with its orogeny 4 million years ago, the isthmus of Panama has made a global 
impact on climate, biodiversity, and humans. Before the current physical geography of 
Panama, it was a peninsula extending south from North America, not yet connected to 
South America (Coates et al., 2003). The Pacific and Atlantic Oceans were part of the 
same oceanic system, exchanging cool and warm water locally within the tropics. 
Through tectonic shifting and plate subduction, the ocean between the Panamanian 
peninsula and what is now Colombia was filled with land, connecting the major 
continents of North and South America for the first time. This caused massive shifts in 
global oceanic circulation, which in turn influenced the climate around the globe. The 
“Great Biotic Exchange” took place, as plant and animal species that had evolved 
differently for millions of years began to coexist and mix in this new, extremely 
biodiverse, hotspot (Webb & Stehli, 1985).  
This intermixing of species is one of the reasons for Panama’s exceptional 
biodiversity today. Its position in the tropics, where ample moisture and sun provide a 
never-ending energy source, is another reason. Plants and animals evolve faster here than 
in other climates, although they are not the only beings that are relevant to this land 
(Smith et al., 2012). The Panama Canal is tied to the western influence that has propelled 
much of the unchecked development of the country. Livelihoods surrounding pastoralism 
and agriculture were introduced and instilled upon native people who had lived in 
harmony with the ecosystem for years, leaving in its wake a trend to take rainforest and 
turn it into grassland for pasture. Increasing populations and western styles of livelihood 
demanded tangible goods, so massive trees made for an efficient wood harvesting market 
(Oestreicher et al., 2009). Many people still live in these remote parts of Panama, and the 
majority feel the pressure to turn forest into pasture, as seen in Figure 2-1. These are just 
a few of many social and environmental pressures that are present in the isthmus today. 
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Figure 2-1: Pasturelands where mature rainforest previously stood. 
The study area, Mamoní Valley Preserve (MVP) in the Mamoní River Watershed, is 
in the narrowest point of land in the Americas, connecting North and South America and 
separating the Pacific and Atlantic Oceans by only 50 kilometers. In its natural state, it is 
a corridor of primary rainforest and ecologically rich river valleys, where hundreds of 
species of migrating birds stop between the Americas. The MVP is within the Chocó-
Darién-Manabí eco-region, two hours east of Panama City along the continental divide as 
seen in Figure 2-2. The preserve shares the eastern border of Chagres National Park and 
the southwest border of Guna Yala, the semi-autonomous territory of the indigenous 
Gunas. As stated on the MVP website, “the preserve is a model of conservation and 
biocultural renewal within the 11,000-hectare upper watershed of the Rio Mamoní, one of 
the three largest rivers in the capital province of Panama” (Geoversity, 2019). In this 
region, there has been a trend of deforestation to expand room for agriculture, grazing 
and small development. These changes are typically carried out by local community 
members who live in the area but are slowly expanding their developed land in order to 
create livelihood from the local resources. This includes selective cutting of individual 
large trees, burning of smaller trees and shrubs, and slowly encroaching upon the edge of 
forested areas. In recent years, large-scale clear-cutting events have been increasingly 
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less frequent. The smaller-scale changes happen more regularly, and are most of the 
changes that MVP wanted to monitor. 
 
 
Figure 2-2: Critical geography of MVP. 
 Tropical rainforests are comprised of trees that can individually absorb at least 48 
pounds of carbon dioxide annually (Rainforest Trust, 2017). Mature trees in tropical 
rainforests are thousands of years old, implying that thousands of years of carbon dioxide 
has been absorbed into the tree’s biomass as the tree produces oxygen. In 2017, the 
Amazon Rainforest, one of the world’s most noted rainforests, was recorded to produce 
approximately 20% of the entire world’s oxygen supply (Rainforest Trust, 2017). As 
western ways of life spread to remote communities in tropical regions, the need for so-
called developed styles of livelihood increases, demanding that more open space be 
produced for agriculture, farming, grazing and urban development. Common methods for 
acquiring this space are logging and slash-and-burn, both of which contribute to resource 
depletion, ecological disruption and global carbon dioxide levels rising. 
The social and geographic boundary pressures present in Panama emphasize the 
need for GIS, where multiple complex factors may be brought together and analyzed in 
relation to each other. Spatial analysis can show how the resources present have been 
affected over time, make predictions for the future, and supplement plans for sustainable 
development. 
Tropical forest monitoring with satellite imagery poses an interesting 
juxtaposition of necessity and difficulty. Globally, they are the largest forest biome, 
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covering approximately 16% of the Earth’s land surface (2.4 billion hectares) (Reiche et 
al., 2015; FAO 2011). Within this area, global cycles including the carbon, hydrological 
and biochemical cycles are regulated, and biodiversity, global economy, and local 
welfare are among the systems that benefit in a major way (Pan et al., 2011; Sasaki et al., 
2011). Demand for tangible resources and climate change has increased pressure on these 
areas in the forms of deforestation and degradation (Achard et al., 2014 - B; Ghazoul & 
Sheil 2010; Stern 2007). The problem has become so severe that tropical deforestation 
and degradation is the second largest source of greenhouse gases just after the 
combustion of fossil fuels (Reiche et al., 2015; van der Werf et al., 2009; Gullison et al., 
2007).  
This illustrates the great need for tropical forest monitoring on small and large 
scales which makes remote sensing a useful tool. Unfortunately, cloud cover (occurring 
80% on yearly average) is ever-present in the tropics, making optical imagery, like that of 
Landsat, largely unusable (Souza et al., 2013; Herold 2009; Asner 2001). To address this, 
satellites with SAR capabilities, such as those in the European Space Agency’s (ESA) 
Sentinel 1 system, are used as the long wavelength microwaves can penetrate through 
clouds (Lu et al., 2014; Souza et al., 2013; De Sy et al., 2012; Asner 2001; Malenovsky et 
al., 2012). 
In addition to persistent cloud cover, other challenges surrounding satellite imagery 
and forest health are somewhat unique to the tropical rainforest. Unlike deforestation, 
forest degradation does not entirely remove the forest canopy. What occurs is a structural 
change of the forest, which is harder to see through remotely sensed imagery and often 
results in complex pixels that are difficult to analyze (Reiche et al., 2015, Achard et al., 
2014 - B; Souza et al., 2005). Another challenge is that tropical ecosystems tend to 
change quickly with rapid canopy closure and understory regeneration once degradation 
occurs, though not necessarily with preferable species. As a result, changes that can be 
sensed by the remote sensing structures can disappear within 1-3 years (Souza et al., 
2005; Asner et al., 2004). Advantageously, the twelve-day repeat cycle of Sentinel 1 
helps to resolve that challenge.  
2.2 GIS and Remote Sensing of the Environment 
Many studies have shown the efficiency of remote sensing for large- and small-scale 
characterization and monitoring of land cover analyses. Remote sensing can provide a 
consistent and continuous spatial representation of large areas, and without the necessity 
of being directly in contact with the subject being studied, it is possible for rapid and 
large-scale data collection (Abdikan et al., 2016; Congalton et al., 2014, Friedl et al., 
2010). Remotely sensed images can provide estimations of the areas of deforestation and 
degradation, called “activity data,” while field observations can verify the degree of 
damage as well as carbon emission factors (Reiche et al,. 2015). When the two are used 
together, accurate land cover change can be estimated, and calculations can be made for 
specific carbon emissions from deforestation and degradation in a given area (Achard et 
al., 2014 - A). 
In many cases, remotely sensed data is captured through imagery in various 
wavelengths of the spectral scale, efficiently acquiring high quantities of raw data. The 
image data, stored in a matrix (or raster) format is then readily available for processing 
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and characterization with continuous spatial representation of large areas (Abdikan et al., 
2016; Congalton et al., 2014, Friedl et al., 2010).  
 GIS allows automatic and organized analysis of geographic features and complex 
relationships between a seemingly limitless number of objects and subjects. Within these 
systems are two data models, vector and raster as seen in Figure 2-3 (Esri, n.d.). Vectors 
are used to represent discrete objects or features in the forms of points, lines and 
polygons, while rasters are used to represent continuous information or distributions such 
as land type, elevation or temperature (Esri, n.d.). In addition to the analysis-related pros 
of rasters, this data format is extremely beneficial in GIS because it will encompass very 
broad base characteristics and can be analyzed with vector data as well.  
 
 
Figure 2-3: Vector data model versus raster data model (Esri, n.d.) 
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2.3 Change Detection Analyses with SAR Data 
The benefits of utilizing SAR image data are extensive, as its active-sensor approach 
allows it to be unaffected by many environmental characteristics that are necessary for 
successful optical remote-sensing. The active sensor transmits its own radar pulse and 
records the return, bypassing the need for an external energy source to record. The nature 
of the microwave radar beam (.3 - 30 cm) that is actively emitted is such that it can 
penetrate through atmospheric and lithospheric phenomena including clouds and rain 
(Reiche et al., 2015). Like multispectral images, SAR images are often used to detect 
changes over time, particularly in the case of satellite spacecraft which have continuous 
orbit cycles. Since 2015, SAR imagery from the ESA Sentinel 1 satellite sensor within 
the Copernicus mission has provided imagery that is freely available.  
Phase and intensity are the types of data that SAR sensing systems collect, 
meaning that SAR processing methods must usually be different than typical optical 
image analyses, as spectral information is recorded and stored differently (European 
Space Agency Sentinel Online, n.d.). This calls for various statistical and conceptual 
approaches to detecting land cover change between two dates, implying two images. The 
following paragraphs will outline several SAR image data methods that have been 
studied for environmental change detection. 
The Sentinel-1 mission is the European Radar Observatory for the Copernicus 
joint initiative of the European Commission (EC) and the ESA. The initiative of this 
mission is to implement information services concerning the environment and security. 
Included in the mission is C-band SAR operating in four modes with resolution as little 
as five meters and coverage up to 400 km (Attema et al., 2007). The modes mentioned 
are the Strip Map (SM), Interferometric Wide Swath (IW), Extra Wide Swath (EW), and 
Wave (WV) modes (European Space Agency, n.d.-A; European Space Agency, n.d.-B; 
Attema et al., 2007). Also included is dual polarization capability, a near-polar sun-
synchronous orbit and a twelve-day repeat cycle (Attema et al., 2007). More on the 
missions can be found on the ESA Sentinel website. Many studies have shown how 
multi-sensor approaches combining SAR and optical sensors, such as those provided in 
the Sentinel system, have increased forest mapping accuracy (Reiche et al., 2015; Hoan et 
al., 2013; Lehmann et al., 2013; Vaglio Laurin et al., 2013; Lehmann et al., 2011; Walker 
et al., 2010; Erasmi & Twele 2009; Almeida-Filho et al., 2007; Kuplich 2006; Rignot et 
al., 1997). 
Previous remote sensing near-real-time (NRT) monitoring systems have relied on 
coarse resolution imagery such as a Moderate Resolution Imaging Spectroradiometer 
(MODIS) time series imagery to provide up-to-date information on deforested areas 
(Reiche et al., 2015; Wheeler et al., 2014; Hammer et al., 2009; Shimabukuro et al., 
2006). However, these systems have spatial resolutions as low as 500 meters, causing 
small scale changes (such as those in Mamoní Valley) to be neither detected nor dealt 
with, showing a lack of medium or high-resolution satellite-based monitoring systems 
(Reiche et al., 2015; Hammer et al., 2014; Tyukavina et al., 2013). The use of SAR and 
optical time series methods for detecting forest changes has been minimal and leaves 
“lots of potential unexplored” (Lu et al., 2014; Reiche et al., 2014; Zhang 2010). 
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2.3.1 Multivariate Alteration Detection & Maximum Autocorrelation Factor 
Postprocessing 
When using a Ground Range Detected (GRD) SAR product, information is given 
primarily in intensity. These kinds of analyses identify changes in the mean backscatter 
of a scene, which can be calculated from pixel intensity (Preiss & Stacy, 2006). This 
works for change detection because the mean backscatter power would be constant over a 
region if it were an unvaried region. Therefore, if a discrepancy was present, an alteration 
to the mean backscatter would also be present. 
Multivariate Alteration Detection (MAD) is a process which is based on canonical 
correlation analysis. Canonical correlation analysis creates linear combinations of two 
different sets of variables. The linear combination of each group is called a bivariate 
correlation and the two highest correlated are first canonical variates (Nielsen et al., 
1998). This is the linear transformation of the variables within each group, and the 
correlation between the two separate linear transformations. Canonical correlation is 
advantageous when attempting to detect changes, as corresponding linear combinations 
will naturally show the difference between them when they are subtracted. This helps to 
identify features within a dataset that are important for explaining the covariation 
between sets of variables. 
The final step of MAD finds the difference between each set of canonical variates, 
as depicted in Figure 2-4.  
 
Figure 2-4: Diagram of MAD, which uses Canonical Correlation Analysis. 
 Maximum Autocorrelation Factor (MAF) transformation, is a potential last step 
which transforms the image in a way that is built upon the idea of principal component, 
where new variates are calculated to maximize the autocorrelation of each pixel. 
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Essentially, this finds the maximum change between the linear combinations and groups 
them such that the autocorrelation of pixels is maximized (Nielsen et al., 1998).  
2.3.2 Principal Component Analysis 
Principal Component Analysis (PCA) aims to remove the correlation between different 
measurements such as image bands. It transforms the data to a new set of measurements 
that are independent and perpendicular to each other. The new measurements are called 
Principal components. PCA identifies new variables which are represented in linear 
combinations of the original variables (Ringnér, 2008). If the samples are plotted on a 
graph, the first principal component is a line which follows the trend and direction of the 
data, as shown in Figure 2-5. The second principal component goes perpendicular to the 
first one, forcing the original variables to fit into a set of values that does not have as 
much variation as the first principal component, also shown in Figure 2-5. This second 
principal component is commonly analyzed for change detection between two images as 
it shows where the original variables do not correlate. 
 
 
Figure 2-5: Principal Components visualized in a scatter plot (Analytics Vidhya 
Content Team, 2016). 
2.3.3 Knowledge-Based Land Cover Classification & Thematic Change 
This method aims to provide a clear correlation between terrain surfaces and sensor data. 
It is based on the idea of having a set of known variables, such as land cover classes, by 
which to compare with a hierarchically-derived classified SAR image (Dobson et al., 
1996). In a sense, this is an expanded method of supervised classification.  
 The classifier can be designed to use the known nature of radar backscattering to 
construct thresholds in a sequential format. The classifier produces two levels of 
classification: the first differentiating terrain based on structure, into urban areas, short 
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vegetation and tall vegetation. The second is a sub-classification that can differentiate 
between plant architectural properties and texture; woody stems and foliage (Dobson et 
al., 1996). In a study using this methodology, a test analysis showed that this SAR 
classifier yielded a higher rate of accuracy compared to an unsupervised classification 
method using multispectral Advanced Very High-Resolution Radar (AVHRR) data 
(Dobson et al., 1996). 
 To detect change using this method, the final step would be to perform raster 
calculations in which the change from one land cover class to another would be noted. A 
supplemental method to detect change over time is to employ a swipe or comparison tool 
of two classified images in which land cover can be visually interpreted.  
2.3.4 Coherent Change Detection Processing 
While a GRD SAR product provides only intensity information, a Single-Look Complex 
(SLC) SAR product contains two types of data: phase and intensity. The two numbers 
associated with those data types means that this SAR product uses a complex number. In 
change analyses with complex products, the correlation between images is given by a 
coefficient. The coefficient is what is commonly referred to as the “coherence.” The 
coherence coefficient quantifies the extent to which the two data types are common 
between the two images. In other words, it allows for multitemporal images to be cross-
correlated and measured in terms of scene disturbance, given that all the appropriate 
preprocessing has been completed (Preiss & Stacy, 2006). Using SLC data requires a 
more extensive processing procedure than that of GRD.  
2.4 Summary 
With a medium spatial resolution (10-30 m) and support from field observations for 
ground-truthing, satellite remote sensing is the most appropriate tool for assessing forest 
area change in most tropical countries (Reiche et al., 2015; De Sy et al., 2012; Achard et 
al., 2010;). Remotely sensed images can provide estimations of the areas of deforestation 
and degradation, called “activity data,” while field observations can verify the degree of 
damage as well as carbon emission factors (Reiche et al., 2015). When the two are used 
together, accurate land cover change can be estimated, and calculations can be made for 
specific carbon emissions from deforestation and degradation in a given area (Achard et 
al., 2014). Going forward, these data components were integrated to provide an accurate, 
customized tool for tropical deforestation monitoring.
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Chapter 3  – Systems Analysis and Design 
This chapter will discuss the concepts and design behind the project. This includes an 
exploration of functional and non-functional requirements and assessing how they will be 
used to inform the overall design of the project system and plan. 
3.1 Problem Statement 
Scientific analysis of tropical deforestation is needed in order to understand the issue and 
stimulate significant conservation efforts. While the problem affects many people, there 
are limits on the accessibility and understanding to advanced analytical procedures. This 
project aimed to simplify change detection imagery analyses for a specific study area and 
provide documentation for non-technical audiences to use and repeat the scientific 
methods independently.  
3.2 Requirements Analysis 
Some requirements were collected during consultations with the client. At these 
meetings, updates of work were given and new information that had come up was 
discussed. Upon the completion of the exchange of information, the requirements were 
updated.  
 Other requirements were collected as data processing took place, as a deeper 
understanding was built regarding the methods that were necessary in the project. This 
also led to a deeper sense of the scope and time constraints that were involved with 
fulfilling each functional requirement. With a better sense of the scope of the project, the 
requirements were added to and updated, which also tracked progress of defining and 
understanding requirements. 
 In order to reach the objectives of the client, the requirements for the project were 
broken down into the key components of analysis, ensuring accuracy, and user 
functionalities, see Table 3.1. The analysis component needed to have the functionality of 
being an automatic analysis, including selecting the study area and preprocessing. This 
requirement came from the direct objectives of the client as it informs the user of the 
changes in land cover that are present in the study area. 
 Evaluating accuracy was a requirement built into the system which cross-checked 
the analysis results with several ground truthing checks.  
The user functionalities of the system were further broken down into land change 
maps and succinct, understandable user guides. The maps included a further step of 
analysis that depicted the types of changes indicated but not identified from the image 
analysis. The functionality of the user guides was to be clear enough that non-scientific or 
non-GIS professionals could easily use the system. 
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Table 3-1: Requirements and corresponding deliverables for the project. 
Deliverable Requirement 
Change Detection Tool • Change detection based on multivariate 
alternation detection 
• Test results on drone imagery 
User Products • Land cover change maps that show 
deforestation versus growth 
• Automated change detection tool in ArcGIS 
Pro 
• Automated preprocessing tool 
 
3.3 System Design 
The major components of this project were a methodology for land cover change 
detection, user guides and field involvement, and a demonstration of the workflow which 
was a finalized land change map cross-checked with the methodology previously used. 
These components fit together as shown in Figure 3-1. 
 
Figure 3-1: A diagram depicting the system design. 
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3.4 Project Plan 
The first conceptual ideas behind this project were focused more around the scientific 
analysis of land cover change in the study area over several years, rather than the 
development of a sound tool and methodology that would make that process doable for a 
range of users.  
The original project plan aimed to automate classification analysis of Synthetic 
Aperture Radar (SAR) imagery every month from 2014 to the present, and then pass that 
information into a statistical raster analysis tool that could quantify the rates of 
deforestation and forest succession since the beginning of the Sentinel Mission in 2014. 
The plan was also to use Landsat imagery to calculate Normalized Difference Vegetation 
Index (NDVI) and gather optical imagery which was to be used to make separate 
classification values for spectral data, so that it could be passed to a raster analysis tool 
which would have the same functions as the one previously mentioned. In addition, the 
Time Slider function in ArcGIS Online was anticipated to animate the process of 
deforestation and create land cover maps on a three to five-year increment. The results 
from this were to be passed to ArcGIS StoryMaps to provide a complete story-telling 
application for the client.  
The original project plan would have included significant amounts of scripting to 
automate processes of downloading data and running all the necessary preprocessing 
within ArcGIS Pro. It would have also required an analysis of the statistics and 
mathematics that would be incorporated into a script in order to automatically discern a 
classification schema based on optical data as an informant. Not only would these pieces 
of scope be beyond the level and requirements of the project, they would also take much 
longer to complete than the timeline for the project. 
The project was accomplished by focusing more on the creation of a simplified 
analysis workflow and interface that would accurately assess changes to forest cover, so 
that the client could use it for whichever dates and increments of time that they chose. 
Additionally, optical imagery was collected using a drone. This field data was used as 
geographical informants to decide the thresholding values for change. With ground-
truthing data available from 2017 to 2019, these were the dates and times that were used 
to create preliminary land cover change maps that were a prototype of the methodology. 
These original components and timeline of the project is depicted in a Gantt Chart in 
Figure 3-2.  
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Figure 3-2: Original timeline in a Gantt Chart 
3.5 Summary 
The purpose of this chapter was to discuss the reasons for the project and the needs that 
were presented by the client. The next point was to show how those needs were analyzed 
and thought out, and how the project design was created. A discussion on how the project 
design worked, and how it didn’t work followed. Ultimately, the project was completed 
in a way that met the requirements and did so in an efficiently timed manner. The 
following sections will go into further detail about how the project was carried out and 
implemented. 
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Chapter 4  – Database Design 
This chapter will go into detail about the conceptual and logical models for the design 
and data of this project. Next it will discuss the data involved in the project including the 
sources, collection methods, data management and preprocessing necessary for the data 
to be used in the project.  
4.1 Conceptual Data Model 
A conceptual data model was needed to lay out all entities within the project and to show 
how they relate to each other. For a diagram of this model, see Figure 4-1.  
In designing the model, there first needed to be a clear understanding of the general 
input entity and the output entity. For this project the main input was Synthetic Aperture 
Radar (SAR) imagery. The output was a map that depicted areas of change. To get there, 
two SAR images were needed to provide data from the beginning and ending dates of the 
time frame that was being analyzed for change. Next, those images were fed to an image 
analysis algorithm that would detect inconsistencies between the two dates (i.e., the two 
images). This algorithm created an image that showed the severity of inconsistencies 
between dates for each pixel. Then thresholds had to be applied to attempt to group 
neighboring pixels and create areas with clearer boundaries. 
A second type of data for this model was drone imagery. Like the SAR imagery, two 
sets of drone imagery were input to represent two dates, which corresponded to the dates 
of the SAR imagery. A visual comparison of the two dates would determine areas of 
definite land cover change and the type of change that occurred. This result was used 
with the threshold image to give real-world meaning to the image analysis and determine 
the type of change that may be associated with the various values that came from the 
output of the image analysis. 
 
Figure 4-1: Diagram of Conceptual Model 
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4.2 Logical Data Model 
One, completely contained database was not created for this project although all pertinent 
entities did end in an ArcGIS Pro Project Geodatabase as Feature Classes, shown in 
Figure 4-2. Initially, image data was managed and stored through Windows File Explorer 
after it was downloaded from the European Space Agency’s (ESA) Open Access Hub. 
The image data was downloaded in a zipped folder which was brought in directly to the 
SentiNel Applications (SNAP) interface. At each step of preprocessing in SNAP, a copy 
of the output image file was saved in the SNAP folder. The files were saved in BEAM-
DIMAP format, which is a simple input/output format and suitable within chains of data 
processing. Once preprocessing was completed, the final image was converted and 
exported through the SNAP interface into a .tif file. The file was saved to a folder which 
also included an Esri ArcGIS Pro 2.4.0 Project, Mamoní Deforestation Tool. 
 
 
Figure 4-2: List of feature classes created and used for the project. 
Drone imagery was acquired from a server controlled by the Center for Spatial 
Studies (CSS) and transferred to the local hard drive where the ArcGIS Pro Project and 
Feature Classes were also stored. Each drone image layer included the drone mosaic 
imagery, boundary and footprints of flights. The drone imagery was added to the Mamoní 
Deforestation Tool Project Geodatabase.  
Additional feature classes included reference data such as the Mamoní watershed 
boundary which was also acquired from the CSS server and copied into the ArcGIS Pro 
Project. A separate boundary feature class was created to depict the rectangular study 
area that was specified by the client in geographic coordinates. This was the boundary 
that was used to extract pixels of the SAR data for Multivariate Alteration Detection 
(MAD) change analysis step. A feature class was created to contain changed-area 
polygons that would be digitized manually from a visual assessment of the differences 
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between overlapping drone imagery. This feature class included one domain to specify 
the type of change, being gain or loss.  
Next, threshold values were used to group pixels with similar pixel values. During 
the process, temporary layers were created and stored in the project geodatabase. 
4.3 Data Sources 
The primary data source for the project was the European Space Agency’s Sentinel 1A 
Satellite within the Copernicus Earth Observation Program. The data is accessed through 
an Open Access Hub where the user can specify details about the data product such as 
orbit number, polarization, collection mode, product type and location which are all 
described in the following section, Section 4.4. Metadata for the Sentinel 1A satellite is 
available to the public on the program’s website and product package zip file 
(sentinel.esa.int/web/sentinel/user-guides/sentinel-1-sar/data-formats/sar-formats).  
 Additionally, optical image data was used. This data was acquired with the DJI 
Phantom 4 Unmanned Aerial Vehicle (UAV). The UAV, also known as drone, flights 
were conducted by the project manager and the CSS at the University of Redlands. 
Metadata was recorded during flights to document the time, date, location, flight times 
and durations as well as any mishaps such as the UAV overheating, rapidly losing battery 
or straying from the planned flight path. This metadata is stored with the UAV mosaic 
imagery for ArcGIS Pro as well as in a digital document on the CSS server at the 
University of Redlands. 
As stated in the previous section, a polygon boundary layer was copied from a CSS 
ArcGIS Pro Project on the CSS server. Geographic coordinates of the study area were 
collected directly from the client. 
4.4 Data Collection Methods 
The most important data in this project came from the ESA’s Sentinel 1A Satellite in the 
Copernicus Program’s Open Access Hub, shown in Figure 4-3. SAR sends a signal and 
records the returning signal’s phase and intensity characteristics. This information is 
stored in a complex number. Phase refers to the starting point of a periodic wave relative 
to the origin of the wave. Intensity, also referred to as magnitude, is the strength of the 
returning radar signal. When acquiring Sentinel 1 data, there were several specifications 
that needed to be used to get the correct type of SAR data out of the options.  
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Figure 4-3: A Screenshot of the Copernicus Open Access Hub and filtering options. 
The first and most significant specification was the product type. For the project, 
Ground Range Detected (GRD) products were used. This type of product consists of SAR 
data that has already been preprocessed through calculations of the complex number 
(inherent to a raw SAR image) to project the data to the ground using an Earth ellipsoid 
model (European Space Agency, 2015). This step is called multi-looking, and essentially 
turns the numbers contained in a raw SAR recording into a recognizable image, rather 
than noise. At this step, phase information is lost, simplifying the data and resulting in a 
product with a spatial resolution and pixel spacing that is approximately square 
(European Space Agency Sentinel Applications Platform, n.d.). This product type is 
originally a Single-Look Complex (SLC) product before the described preprocessing 
occurs. An SLC product contains phase information in addition to intensity information, 
which is stored in a complex number. GRD products were chosen in the data collection 
step because intensity information would be enough to use in the change detection 
analysis and would simplify the processing steps of the system, and simplicity was one of 
the client’s desired system characteristics. 
The next specifications in data collection were for acquisition mode and polarization. 
The ESA provides dual-polarity options, including HH, HV, VV, and VH polarizations. 
The acquisition modes available are Strip Map (SM), Interferometric Wide Swath (IW), 
Extra-Wide Swath (EW), and Wave (WV) Mode. The mode chosen was IW with a 
polarity of VV + VH because it was recommended by the ESA as the primary conflict-
free mode over land. Additionally, IW was the only acquisition mode available for the 
study area.  
Finally, the orbit number was specified. This ensured that both products used for 
change detection had data that was recorded when the satellite was in the same position. 
This decreased the need for additional preprocessing to align the two products accurately 
when stacking the images for analysis. The relative orbit number specified was 121, 
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because it had the most optimal fit for the study area compared to the other available orbit 
number, which was 113, as seen in Figure 4-4. 
 
 
 
Figure 4-4: Snapshots from the Copernicus Open Access Hub, showing the footprint 
and Quicklook of SAR products with the orbit number 121 (top) and 
orbit number 113 (bottom). 
4.5 Summary 
This chapter aimed to provide an overview of the conceptual data model and the entities 
that were important to this project’s functionality and purpose. Next, more detail was 
provided through describing the logical data model and the characteristics of the database 
components. Following this, details regarding data sources, collection methods, and 
cleaning were given in depth to provide a significant understanding of the data that went 
into the project. 
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Chapter 5  – Implementation 
This chapter will discuss the various incremental steps of the project and how they led to 
project deliverables and completion. Beginning with the first step of data identification, 
the chapter will then describe the initial steps of processing that would aim to warrant 
accurate results. Next, the development and implementation of the change analysis will 
be explained, as well as the way in which drone data was used to validate the results.  
5.1 Identification of Data Sets 
Because Unmanned Aerial Vehicle (UAV) imagery, also known as drone imagery, was 
the method of validating analysis, it was also a limiting factor to the Synthetic Aperture 
Radar (SAR) datasets that could be used for the project. This meant that the SAR imagery 
needed to coincide in the times that drone imagery was gathered. In 2017, 2018 and 2019, 
multispectral drone imagery was gathered in May. SAR imagery needed to be collected 
from the same time frames. As shown in Figure 5-1, more drone imagery was collected in 
2018 and 2019, so collecting SAR imagery from May 2018 and May 2019 was the best 
option for comparing two dates and would have a better opportunity for validation. 
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Figure 5-1: Drone imagery acquired from 2017 (top), 2018 (middle), and 2019 
(bottom). 
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Another reason for choosing this is that between these two years, there was also the 
greatest amount of geographic overlap between flights, as seen in Figure 5-2. 
 
 
Figure 5-2: The approximate overlap depicted by orthomosaic boundaries of drone 
imagery from 2018 (red) and 2019 (yellow). 
5.2 Preprocessing SAR Data 
Several steps of SAR preprocessing were necessary. However, some typical processes 
were bypassed because the two SAR products needed be clean and uniform enough to be 
accurately compared to identify locations of discrepancies.  
The first step of preprocessing was terrain correction. This is like an 
orthorectification process which transforms and corrects distortions in an image that are 
caused by topographic variations. This is necessary because the tilt of the satellite sensor, 
as well as topographical variations of a scene being recorded, will lead to distortions in 
pixel size, creating a non-uniform scale in a SAR image, represented in Figure 5-3. Relief 
displacement is another term used for this issue in image processing. In the figure below, 
the radar signal is sent out from an entity at S. It travels a distance of R to reach points B. 
B represents a point with elevation h above the ellipsoid model of the earth. It is imaged 
at position B’ in a SAR image, though its real position in B”. Δr represents the offset 
between B’ and B”; the effect of topographic distortions. Terrain correction also allows 
geometric overlays of image data from different sensors and geometries (European Space 
Agency Sentinel Applications Platform, n.d.). 
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Figure 5-3: Diagram of SAR geometry that leads to distortion (adapted from 
European Space Agency Sentinel Applications Platform, n.d.) 
Terrain correction aims to compensate for the distortions inherent to SAR 
geometry. It also re-projects the image data into a geographic coordinate system, geo-
referencing the image so that the image geography appears as close as possible to a 
uniform scale. This process is similar to optical image orthorectification, removing relief 
distortion, illustrated in Figure 5-4.  
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Figure 5-4: Before (left) and after (right) distortion correction in a city scene 
(Engineer's Journal, 2018). 
The SAR product used in the project before and after terrain correction is shown in 
Figure 5-5. 
 
 
Figure 5-5: Before (left) and after (right) terrain correction. 
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After terrain correction, the two SAR image products were stacked. This was 
necessary for the Multivariate Alteration Detection (MAD) step that is implemented in 
this project as it takes both dated image products as input at once. 
Next, the SAR data was clipped to a region that would be used for analysis. Global 
Positioning System (GPS) Exchange Format (GPX) points were given by the client. 
These points were used to mark the study area.  The GPS point values were recorded in 
latitude and longitude, and those values were used in the European Space Agency’s 
(ESA) SentiNel Applications (SNAP) toolbox while using the subset tool. This 
significantly cut down the size of the product (see Figure 5-6) which made all subsequent 
processing finish at faster speeds and made the change analysis more accurate.  
 
 
Figure 5-6: Before and after using the subset tool to focus on the Mamoní Valley 
study area. 
The next step of preprocessing was speckle filtering. This was necessary because 
all SAR images have a noisy texture. This is caused by interference of return radar waves 
that are scattered within each resolution cell, and the interference causes degradation of 
the quality of the image. Of the various speckle filtering procedures, Multi-temporal Lee 
Sigma was implemented. Multi-temporal speckle filtering was used because this would 
ensure consistency with each layer of the multi-temporal image stack. The Lee Sigma 
filter uses the statistical distribution of the digital number values within a window of an 
image to determine what the pixel of interest should be. It is based on the probability of a 
normal, Gaussian distribution, and assumes that 95.5% of random samples within a 
window are within a standard deviation of 2 (2 sigma). The filter then replaces a pixel of 
interest with the average of all the digital number values within a window of an image. 
This is done throughout the image, to smooth the appearance and pixel values. After 
speckle filtering, the SAR image could be interpreted more clearly as seen in Figure 5-7.  
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Figure 5-7: Before (left) and after (right) speckle filtering. The full extent of the 
product is shown here to best display the changes made by speckle 
filtering. 
Finally, the stacked and preprocessed product was exported as a GeoTiff file format 
into the folder where the ArcGIS Pro Project was also saved, ready for analysis. 
5.3 SAR Surface Change Detection Analysis 
MAD was used to find changes from one year to the next. To understand this method of 
analysis, refer to Section 2.3.1. This analysis was implemented in the Python Wing 
Integrated Development Environment (IDE) 101 6.1. This script was written by Professor 
Ma, and can be seen in Appendix A. Once the script was executed, a resulting image in 
.tif format was generated and saved in the same file location of the original image. The 
SAR image before and after analysis can be seen in Figure 5-8. 
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Figure 5-8: The original Ground Range Detected (GRD) images containing VV and 
VH polarized layers, preprocessed and stacked (top). First and second 
layers after MAD analysis (bottom). 
Inherent to MAD, the listed pairs of canonically correlated pairs show the difference 
of the ordered outputs. In this case, there were two pairs for the two original bands of 
each input image. This meant that the first band of the output image was the most 
correlated and the second band of the output was the least correlated. Therefore, the last 
band was used to find areas that point to land cover change because this would 
presumably show the changed areas. For more information on this analysis, reference 
Section 2.3.1. As seen in Figure 5-8, the second band had more variation in pixel values, 
and showed more distinct patterns in the image, which may indicate different ways in 
which land cover had changed between 2018 and 2019. The pixels containing the highest 
absolute values would show the areas where there was the greatest difference between the 
two dated images. 
5.4 Multispectral UAV Imagery 
UAV imagery from 2018 and 2019 was used to find locations where there was a visible 
change in land cover between the two years. With the imagery that was available, there 
were several clear areas of change which were used to check against the MAD analysis. 
These areas were digitized in ArcGIS Pro 2.3. Three instances showed where vegetation 
was lost from 2018 to 2019. One instance showed where vegetation was gained. See 
these areas in the following Figures 5-9 to 5-11. In Figure 5-10, drone imagery cut off an 
Band 1 Band 2 
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area where local knowledge and typical land use practices led to the inference that the 
entire burned area shown in 2019 was a full stand of trees as shown in 2018. 
 
 
Figure 5-9: Two digitized areas, one (left) experienced vegetation loss from 2018 to 
2019. The other (right) experienced vegetation growth from 2018 to 
2019. 
2018 
2019 
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Figure 5-10: An instance of forest loss. 2018 UAV imagery cuts off in this area. 
2019 
2018 
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Figure 5-11: Another area of vegetation loss. 
 These polygons were overlaid onto the MAD result to determine whether patterns 
existed between changed areas shown by UAV and the changed areas shown by SAR 
analysis, as seen in Figure 5-12. 
2019 
2018 
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Figure 5-12: UAV land cover change polygons distributed across MAD result in 
Mamoní Valley. 
 Finally, threshold values were applied to group pixels with similar values to try to 
find discrete areas of land with similar characteristics. A high and low threshold value 
was applied to the raster, so that all pixels with a value less than or equal to -0.08 were 
grouped, and all pixels with a value greater than or equal to 0.4 were grouped. These 
thresholds also made any pixels that fell between the threshold values have a pixel value 
of 0. This is because results close to 0 in the MAD analysis indicate no change. Drone 
imagery was used to choose these threshold values such that high values would be 
showing one type of forest change (such as degradation) and low values would be 
showing another type of forest change (such as growth). This allowed a visualization of 
the MAD results with pixels containing the highest absolute values and pixels containing 
the lowest absolute values. A diagram of this full workflow is shown in Figure 5-13. 
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Figure 5-13: A diagram of the workflow used during project implementation. 
5.5 Automating Preprocessing and MAD Analysis 
In the SNAP toolbox, the Graph Builder tool was used to create a workflow that would 
automate all preprocessing steps. As one deliverable, the graph was saved in a computer 
file on an external hard drive which was designated for the project. It was saved as an 
.xml document which can be loaded directly into SNAP for future use. To view this 
document, see Appendix B. Each step of the workflow, shown in Figure 5-14, takes the 
input that is temporarily created from the previous step. Specifications for each step are 
also saved in the workflow, such as the coordinates of latitude and longitude for the 
subsetting step.  
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Figure 5-14: Automated workflow for preprocessing. 
The preprocessed image was written out as a .tif file into the designated folder on 
the hard drive. Next, the .tif image could be used as input for the image processing 
workflow implemented in ArcGIS Pro as a Python Script Tool in Model Builder. This 
model prompts the user for the preprocessed SAR image and to specify the folder in 
which the output would be stored, shown in Figure 5-15.  
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Figure 5-15: MAD script tool interface in ArcGIS Pro. 
As a second deliverable, the script tool was built to automatically write the result 
into the ArcGIS Project Geodatabase that was created for the project. It also 
automatically displays the MAD result in the map viewer, allowing the user to implement 
future drone imagery and field observations as well as to inform thresholds.  
5.6 Summary 
This chapter discussed the processes that occurred to reach project requirements and 
develop project deliverables. First, analyzing what data could be used was necessary to 
achieve optimal results, which meant that the available UAV data needed to be compared 
to SAR data. Next, the steps and reasoning behind preprocessing SAR data was described 
as this would be a part of the final automated deliverable for the client. After 
preprocessing, the implementation of the change detection, MAD, was discussed as well 
as the way in which the result was analyzed through thresholding and multispectral UAV 
imagery. Finally, the creation and implementation of automated workflows in the SNAP 
Toolbox and ArcGIS Pro was described.
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Chapter 6  – Results and Analysis 
This project tested a method of using Multivariate Alteration Detection (MAD) to detect 
land cover changes between Synthetic Radar (SAR) satellite images from two dates and 
Unmanned Aerial Vehicle (UAV) imagery, also known as drone imagery, to validate and 
identify the types of changes. This chapter will explain the results and implications of this 
project. Limitations of this project will also be addressed, accompanied by discussion of 
possible reasonings for the challenges that were present. 
6.1 MAD Results with UAV Control Areas 
Raw MAD results showed a change from the original input image, as seen in Figure 6-1. 
The pixel values varied from -11.63 to 10.86, with some clustering of high pixel values.  
 
 
Figure 6-1: Raw result of MAD Analysis. 
 According to the theory of MAD analysis, values close to zero would indicate 
areas with no change. Pixels with high absolute values would indicate areas that had 
experienced change. In accordance with this idea, thresholds were applied to mask out 
areas with values close to zero, and group pixels to find areas where change had 
occurred. Figure 6-2 shows the result of one preliminary threshold pair applied to the 
MAD result. 
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Figure 6-2: Example of threshold applied to MAD result. 
 Using the drone imagery as a guide, a final threshold pair of -.08 and .4 was 
created which showed the most discrete patterns that may overlap with the drone imagery 
polygons, shown in Figure 6-3. With this threshold, it was possible to see patterns and 
clustering of similar values within the valley. 
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Figure 6-3: Distribution of grouped pixel values based on most interpretable 
threshold pairs. 
In Figure 6-3, pixels with values greater than or equal to the high threshold are 
depicted in red, and pixels with values less than or equal to the low threshold are depicted 
in blue. When examining the polygons derived from drone imagery that denoted areas of 
vegetation loss, there was a stronger presence of red pixels, showing that there were large 
positive values in these areas. When examining the polygon which denoted vegetation 
growth, furthest northeast, red and blue pixels were both displayed, although blue was 
more prominent. This showed that there were large negative values within this area. 
However, taking a closer look at the control areas where drone imagery had indicated a 
definitive change between the study dates, depicted in Figure 6-4, there was not a 
conclusive pattern shown between changes indicated by drone imagery and changes 
indicated by SAR analysis.  
Additionally, by looking closer at the drone imagery and MAD results, as in 
Figure 6-4, the MAD thresholds indicated change in areas where drone imagery showed 
that land cover type was consistent. This is concluded through the splotchy appearance. 
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Figure 6-4: A closer look at the thresholded MAD result with 2019 drone imagery. 
   
Vegetation Loss 
Vegetation Growth 
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6.2 Change Detection with Principal Component Analysis 
Due to the similarity of MAD and Principal Component Analysis (PCA), the latter was 
implemented on the same original preprocessed SAR images to evaluate the performance 
of MAD. PCA can be used for change detection because it isolates the similarity from the 
difference between two measurements by projecting them into two perpendicular 
measurements, illustrated in Figure 6-5.  
 
Figure 6-5: Scatter plot depicting principal components. 
In Erdas Imagine 16.5, the VV and VH polarization layers from each year of the 
SAR image data were used to find changes from the Principal Component (PC) 
transformation.  The following sections outline the results of these tests. 
48 
6.2.1 Principal Component of VV Polarization 
The first PC of the VV layers showed a wide variation in the pixel values, creating an 
image which looked clear, as shown in Figure 6-6.  
 
 
Figure 6-6: First layer of PCA result. 
The second PC showed a smaller range of pixel values, pointing to areas where the two 
images were different. Pixel values of high absolute values in the second layer indicate 
change, similar to MAD analysis results. These results showed very similar patterns, 
shown in Figure 6-7. 
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Figure 6-7: A comparison of the second VV PC (top) and MAD (bottom) layers used 
to detect multitemporal changes. The lightest and darkest colors 
represent high absolute values and indicate areas of change. 
6.2.2 Principal Component of VH Polarization 
The PCA process was implemented with the original VH layers to check for differences 
between the VV and VH layers as well as also comparing to the MAD result. In Figure 6-
8, the second layers of the VV and VH PCA result show minimal differences in the 
patterns of the resulting images. In these results, there are extreme high values and 
extreme low values speckled throughout the image, a result which was found after MAD 
as well. The MAD and PCA showed similar patterns in change detection. 
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Figure 6-8: Second Principal Components of PCA Analysis of VV layers (top) and 
VH layers (bottom). 
6.2.3 Implications 
PCA and MAD showed similar results when implemented with the same SAR images. 
There was a similar pattern in detecting change, although the change may not reflect true 
land cover changes, as it does not match up with drone imagery. This may be due to GRD 
SAR data not reflecting explicitly through the intensity value. This comparison implies 
that the MAD and PCA work for change detection, though GRD SAR data may not be 
best suitable for the intended analyses. 
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6.3 Discussion 
By working with multiple datasets from different types of imagery, inconsistencies may 
have led to results with which distinct conclusions were not possible. These 
inconsistencies include those surrounding spatial resolution and georeferencing. In 
addition, the two types of data used, SAR and multispectral, inherently record different 
attributes about the land surface. While an objective of this project was to test the method 
by looking for correlation between the two types of data, additional work may be 
necessary to find conclusive information about the relationship. 
6.3.1 Spatial Resolution and Georeferencing 
After preprocessing and analysis, the spatial resolution of the SAR image data was 
approximately 9.87 meters. The approximate spatial resolution of the multispectral drone 
image data was .4 meters. This difference may be a cause of inconsistency between the 
distributions of results from the multispectral and SAR data. Additionally, pixels may 
extend across different geographic areas. This causes generalization of parcels, and if 
there were inaccuracies even after co-registering the two sets of SAR image data, the 
MAD analysis would find differences between the images where there may not have been 
in reality.  
One example of a georeferencing issue with drone imagery showed how much of a 
difference there was between where the imagery was located on the map and where the 
displayed parcel of land was truly located on the earth. Figure 6-9 depicts this at one 
location. The 2018 image sits below the 2019 image, which can be noticed by looking at 
the edge of the bare patch northeast of the polygon. 
 
 
Figure 6-9: Inconsistency of georeferenced drone imagery. 
2018 2019 
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6.3.2 Data Limitations 
The biggest data limitation that was faced in this project was concerning drone data. As 
discussed in Section 6.3.1, issues in georeferencing created some uncertainty. In addition 
to this issue, a relatively small geographic region had drone data from both years of 2018 
and 2019. Furthermore, the areas in which a distinct and significant impact to the land 
had occurred were even smaller. Despite considerably concise spatial resolutions 
involved in the system, the result of the analysis showed that broader regions may be 
necessary to make conclusions about the relationships between multispectral drone 
imagery and SAR analysis data.  
Since the SAR data used in this project only contained backscatter information 
about the returning radar wave, there was a limitation encountered at this step. This 
limitation was that there was an unknown regarding how backscatter would be affected 
by each surface type. The backscatter could be similar even in different vegetation types 
if the surface texture was relatively the same. Another limitation of SAR which can be 
present in many scenarios of satellite remote sensing is that changes in atmospheric 
characteristics can bend or otherwise affect the signal being recorded. While 
preprocessing aims to decrease the severity of these types of inconsistencies, there may 
still be issues when attempting to make small scale observations. 
6.4 Other Findings 
During interpretation of the SAR results, the general distribution and pattern of the valley 
showed extreme negative values heavily clustered in the central part of the valley, as seen 
in Figure 6-10. This part of the valley is the most developed and consistently managed for 
agriculture and grazing. This information led to the inference that the land cover of this 
region was consistent. Drone imagery from 2019 covered one large region, showing it to 
be pastureland. In Figure 6-10, this area is outlined in red. This region also correlates 
with high pixel values displayed in the MAD result. Unanticipated outcomes of the MAD 
analysis due to limitations or unexpected errors previously discussed, may have created 
an image in which areas of no change were not represented by pixel values close to zero. 
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Figure 6-10: Overall pattern of Mamoní Valley and potential correlation between 
MAD result and developed areas depicted in drone imagery. 
This result suggests that there may be a correlation between extreme negative values 
of the MAD result and developed regions of land. 
6.5 Summary 
This chapter detailed the results of this project in terms of the analysis itself and the 
successes and setbacks of the various components involved. This included the raw results 
of the change detection analysis compared to land cover changes seen by drone imagery, 
followed by interpretation and process of applying context to the results. The limitations 
that were found throughout the project were discussed, and finally, unanticipated findings 
of the analysis were addressed. The following chapter will expand upon the points made 
in this chapter, providing recommendations for future work and a final summary of the 
project as a whole.
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Chapter 7  – Conclusions and Future Work 
This chapter aims to conclude the project and the overall outcomes of the work put into it 
and the derived products. In addition to the successes, it will assess the limitations that 
challenged the success of the various aspects of the project. Finally, there is a discussion 
about the areas where the project could be improved and built upon. 
7.1 Project Summary 
This project aimed to help Mamoní Valley Preserve by adapting a change detection 
methodology to ArcGIS Pro so that rapid and repeatable monitoring was possible. This 
goal of the project meant having three parts.  
The first was finding a type of method and analysis that would be suitable for 
finding changes, specifically, in the study area in Panama. Research and this project 
showed how Synthetic Aperture Radar (SAR) imagery was the best option for detecting 
land cover attributes in humid tropical areas, due to its ability to penetrate clouds. Then, 
Multivariate Alteration Detection (MAD), which uses Canonical Correlation, was 
implemented because it can find areas that have the biggest difference in correlation from 
one date to the next. This was implemented as a script tool in ArcGIS Pro. The result 
showed areas where the difference of the correlation created negative and positive values, 
and patterns were seen through what was, in some cases, relatively noisy areas. 
 The second part of this project was to evaluate the accuracy of the MAD results. 
Drone imagery was used to do this as well as Principal Component Analysis (PCA). 
Within the area that had been covered by drone flights, there were examples of areas that 
had changed between the dates of May 2018 and May 2019. These images and areas 
provided evidence that the MAD analysis produced a depiction of areas that changed in 
land cover. Additionally, drone imagery provided the qualitative data that specified 
whether the change that was shown in the MAD result was vegetation loss or vegetation 
growth. However, when implementing PCA for change detection with the same imagery, 
similar results were found. 
 The last part of reaching the goal of this project was making the method 
accessible to Mamoní Valley Preserve. This meant creating a tool that would automate 
the analysis and be shown in a user-friendly interface that would require little to no 
experience or expertise in GIS or remote sensing. Two tools were created in the form of 
customized workflows. The first was in the SentiNel Applications (SNAP) toolbox, 
which provides a function to create and save customized data processing chains. The 
second was a Model Builder workflow in Esri’s ArcGIS Pro software, which provided a 
user-friendly interface for the MAD analysis. This tool creates new layers in the ArcGIS 
Pro map viewer, which can be viewed simultaneously with future drone imagery. 
7.2 Future Work 
This project provided a groundwork for creating a change detection method with SAR 
imagery that could allow Mamoní Valley Preserve managers to rapidly and easily find 
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where growth is occurring and where loss is occurring. However, further work should be 
done in order to solidify and narrow down the results from the MAD analysis alone.  
 This method would be optimized if drone imagery was not needed to confirm 
results every time the tool runs, and if drone imagery was not needed to specify, with 
certainty, the type of change that occurred. In the future, SAR MAD analyses should 
inform project managers on where to focus drone mapping sites so that more can be 
understood and validated from the MAD analysis. 
 The first type of areas that should be tested are the locations in the MAD result 
where negative combination difference values are present. While the inference of this 
project is that those values indicate areas of growth or close to no change, it must be 
confirmed before using the tool alone. Additionally, mapping these areas with drones 
would help to find whether the pixels containing positive values that are scattered 
throughout mostly negative pixel areas, are a result of noise or inconsistencies in the SAR 
image, or if they indicate small changes within the forest, such as single trees falling or 
being cut. Additional tests with preprocessing may also help to find the solution to this. 
 The second type of areas that should be testing with more drone imagery are the 
areas that contain positive pixel values. By checking these areas, the correlation between 
positive pixel values and the type of change (which is loss in the main example), may be 
validated. Potential locations for further drone mapping for method validation are shown 
in Figure 7-1. Lighter colors indicate highly positive pixel values and potential 
deforestation. Darker colors indicate highly negative pixel values and potential growth. 
 
 
Figure 7-1: MAD result symbolized to show clustering of high and low values; 
potential future drone mapping sites. 
 Further research into SAR change detection methods would also be beneficial. 
Testing the MAD method against other methodologies, including those that use the 
complex SAR data such as Coherent Change Detection Processing (discussed in section 
2.3.3), could speak further to the suitability of the method created in this project.  
57 
 On the tool automation part of this project, additional work to integrate 
preprocessing steps into ArcGIS Pro would be very valuable. By writing scripts to do 
each step of preprocessing, the preprocessing could be added to the MAD Model Builder 
and eventually allow the client to simply input two SAR products, run the tool, and get a 
result.  
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